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Population aging is accompanied by the burden of chronic diseases and disability. Chronic diseases
are among the main causes of disability, which is associated with poor quality of life and high health
care costs in the elderly. The identification of which chronic diseases contribute most to the disability
prevalence is important to reduce the burden. Although longitudinal studies can be considered the gold
standard to assess the causes of disability, they are costly and often with restricted sample size. Thus,
the use of cross-sectional data under certain assumptions has become a popular alternative. Among the
existing methods based on cross-sectional data, the attribution method, which was originally developed
for binary disability outcomes, is an attractive option, as it enables the partition of disability into the
additive contribution of chronic diseases, taking into account multimorbidity and that disability can be
present even in the absence of disease. In this paper, we propose an extension of the attribution method
to multinomial responses, since disability is often measured as a multicategory variable in most surveys,
representing different severity levels. The R function constrOptim is used to maximize the multinomial
log-likelihood function subject to a linear inequality constraint. Our simulation study indicates overall
good performance of the model, without convergence problems. However, the model must be used
with care for populations with low marginal disability probabilities and with high sum of conditional
probabilities, especially with small sample size. For illustration, we apply the model to the data of the
Belgian Health Interview Surveys.
Keywords: Additive hazard model; Chronic disease; Constrained optimization;
Cross-sectional data; Cumulative rate; Disability; Multinomial likelihood.
 Additional supporting information including source code to reproduce the resultsmay be found in the online version of this article at the publisher’s web-site
1 Introduction
Disability has emerged as a public health priority due to the ageing of populations followed by the
burden of chronic conditions in late life (World Health Organization, 2011). Disability is associated
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with reduced quality of life and increased social and economic costs (Chatterji et al., 2015). Chronic
diseases are among the main causes of disability (Verbrugge et al., 1989; Verbrugge and Jette, 1994;
Bauer et al., 2014).
Different from the mortality analysis, in which causes of death can be obtained from the death
certificate, the assessment of disability causes is more challenging (Nusselder and Looman, 2010).
Nevertheless, the development of methods to estimate cause-specific disability is crucial to better un-
derstand the burden. Although longitudinal studies are very appealing to establish causation between
chronic conditions and disability, they are expensive, time-consuming and therefore, usually with lim-
ited sample size (Nusselder and Looman, 2010). Thus, the use of cross-sectional data under certain
assumptions has become a pragmatic alternative, allowing the estimation of the disability prevalence
by cause. Several methods to assess cause-specific disability using cross-sectional data are available,
with the attributable fraction (Levin, 1953), the average attributable fraction (Eide and Gefeller, 1995),
the years lived with disability (Vos et al., 2012), and the attribution method (Nusselder and Looman,
2004, 2010) being among the most used approaches.
This paper focuses on the attribution method proposed by Nusselder and Looman (2004). This
approach has the advantage of partitioning the disability prevalence into the additive contribution of
diseases, taking into account that individuals can report more than one disease (multimorbidity). The
methodwas originally based on the binomial additive hazardmodel–a generalized linearmodel (GLM)
with a noncanonical link function η = log[1/(1− π)], in which η represents the overall cumulative
hazard of disability and π is the probability of being disabled. The main motivation for using this link
function to relate a probability (π ) to a cumulative hazard (η) comes from the well-known relation
S(t) = exp[−H (t)] in survival analysis, in which the exponential function is used to relate the survival
probability S(t) (also known as survival function) to the cumulative hazard H (t) (Clayton and Hills,
1993).
Some practical challenges may arise in the implementation of the model, as the use of standard
software to fit a GLMmay fail to converge. The main reason for convergence failure of the maximum
likelihood estimates is that the linear predictors should be restricted to the interval (0,+) to produce
valid probabilities (between 0 and 1). Despite these difficulties, the software to fit the binomial model
was developed in R (R Development Core Team, 2015) and is available upon request to the authors
of the method for non-R users (w.nusselder@erasmusmc.nl) and in the R package addhaz (Yokota
et al., 2016a) for R users. Two different approaches are used to constraint the parameter space in the
available software: while in the first a penalty term is included in the likelihood function when π ≤ 0,
in the latter, constrained optimization is used.
Although the attribution method has been widely used (Nusselder et al., 2004; Nusselder et al.,
2005; Klijs et al., 2011; Strobl et al., 2013; Chen et al., 2014; Yokota et al., 2015; Yokota et al., 2016b),
the extension of the method to multicategory outcomes has not been previously reported. In this
manuscript, we propose an extension of the attribution method to allow multinomial responses, since
disability is often measured as a multicategory variable representing different severity levels in surveys
(e.g. no disability, mild, and severe) and applying the binomial model to this type of data requires
combining categories of the outcome. The extended model is referred to as the “multinomial additive
hazard model”. This extension is also included in the R package addhaz (Yokota et al., 2016a) with
the function MultAddHaz, in which a linear inequality constraint is applied to the linear predictor by
calling the optimization function constrOptim in R to avoid convergence problems.
This paper is structured as follows. Section 2 briefly describes the attribution method, including
the multinomial additive hazard model and the contribution of chronic conditions to the disability
prevalence. In Section 3, the design and results of a simulation study to assess the performance of the
proposed model are reported. The application of the model to real data—the Belgian Health Interview
Survey (HIS)—is outlined in Section 4. The interpretation of the parameters in the model and how the
model accounts for multimorbidity is presented in Section 5. Finally, a discussion about our findings
and the method is presented in Section 6.
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2 Attribution method
The attribution method aims to attribute each disability case reported in a survey to a single disease or
combination of diseases taking into account multimorbidity and that disability can be present in the
absence of disease. Even if an individual with disability reports a disease in the survey, this does not
necessarily implies that the disease is the cause of disability. The disability that is not associated with
any disease included in the analysis is labeled “background”. In individuals with disability who did not
report any disease, disability is entirely attributed to background, while in individuals with disability
who reported disease(s), disability is partitioned into disease(s), and background. The background can
represent the effect of age-related losses in functioning, the disability that is not associated with any
disease, disability causes not included in the survey, and underreported or underdiagnosed diseases.
More information about the attribution method and the binomial additive hazard model can be found
in previous publications (Nusselder and Looman, 2004, 2010).
2.1 Multinomial additive hazard model
The extension of the binomial additive hazard model to multinomial responses is straightforward.
The multinomial additive hazard model is also a generalized linear model with a noncanonical link
function. Let (yi, xi) represent the data for subject i (i = 1, . . . , n) in a cross-sectional study, where
yi is the multicategory response (disability) for subject i. Let Zi = (zi1, zi2, . . . , zi j, . . . , zic), with
j = 1, 2, . . . , c, denote the vector of indicator variables for subject i and disability category j, with the
number of response categories denoted by c and
∑c
j=1 zi j = 1, defined as
zi j =
{
1, if yi = j
0, otherwise
.
Let i = (πi1, πi2, . . . , πi j, . . . , πic) represent the vector of disability probabilities for subject i. The
multinomial additive hazard model can be expressed as
πi j =
yi ∼ Multinomial
(
ni, i
)⎡⎣1− exp
⎛⎝− c∑
q=2
ηiq
⎞⎠⎤⎦
⎛⎜⎝ ηi j∑c
q=2 ηiq
⎞⎟⎠
ηi j = x′iβ j .
(1)
where ni is the number of independent observations for each subject i (given the cross-sectional nature
of the data, ni = 1); ηi j is the linear predictor, which represents the overall cumulative hazard of
disability category j for subject i; x′i = (xi0, . . . , xim) is the vector of indicator variables for disease
d (d = 1, . . . , m) and subject i, where xi0 = 1 is the intercept term; and β j is the vector of parameters to
be estimated, where β′j = (β0 j, β1 j, . . . , βmj ), with β0 j representing the cumulative hazard of disability
category j for background and βd j representing the cumulative hazard of disability category j for
disease d , also knownas the disabling impact of disease (Nusselder andLooman, 2004, 2010;Verbrugge
et al., 1989). The regression coefficients in model (1) can be interpreted as the additional contribution
by background or disease d to the overall cumulative hazard of disability category j.
Note that the parameter estimates of the multinomial additive hazard model introduced in (1)
represent the cumulative hazard (and not the hazard rate). While the hazard rate—also known as
hazard function, instantaneous rate, and force of mortality—refers to the instantaneous rate of failure
at time t, the cumulative hazard—also called cumulative force of mortality, cumulative failure rate,
cumulative hazard function, and cumulative rate—integrates the hazard rates over time, that is it
represents the sum of the hazard rates over time (Clayton and Hills, 1993; Cleves et al., 2008).
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Figure 1 Graphical representation of the underlying multinomial multistate model for a disability
outcome with three categories (no, mild, and severe disability) and disease d .
In this paper, the terms “cumulative hazard”, “cumulative rate”, and “disabling impact” are used
interchangeably.
A graphical representation of the underlying multistate model for the multinomial additive hazard
model for a disability outcome with three categories (e.g. no disability, mild, and severe) and disease
d is presented in Fig. 1. In the multistate model, the transition rates (β0 j, βd j, σd , σ j) represent the
cumulative hazard to move from one state to another. The application of model (1) to cross-sectional
data allows the estimation of β0 j and βd j , which represent the cumulative hazard of disability category
j for background and disease d , respectively, but not of σd (cumulative hazard frommoving from “not
diseased and not disabled” to “diseased and not disabled”) and σ j (cumulative hazard of moving from
“mildly” to “severely disabled”).
The following assumptions are required to estimate the cumulative hazard of disability (originally
defined for longitudinal settings) using cross-sectional data, based on the multinomial additive hazard
model (Nusselder and Looman, 2004, 2010):
1. a causal relationship between diseases and disability;
2. the distribution of disability by cause is entirely explained by the background and the diseases
that are still present at the time of the survey;
3. the estimated cross-sectional cumulative rates (β0 j and βd j) reflect the transition rates that would
have been estimated with longitudinal data (stationarity assumption) (Fig. 1);
4. the recovery rate is zero, that is individuals with disability cannot return to the state of: (i) not
diseased and not disabled or (ii) diseased and not disabled (Fig. 1);
5. the ratio of the cause-specific cumulative rates to the overall cumulative rate, that is β0 j/ηi j for
background; and βd j/ηi j for disease d , is constant over time (proportionality assumption);
6. the onset of time (age) at risk to become disabled is assumed to be the same for all diseases;
7. the cause-specific cumulative rates of disability are the same in the age range of the study
population;
8. diseases and background act as independent competing causes of disability.
Assumption 1 implies a temporal relationship between diseases and disability, that is disease onset
preceded disability onset. Although causality is considered a strong assumption, given that the proper
temporal sequence needed to establish causality cannot be firmly established with cross-sectional data,
it is plausible, as proposed by previous disability models (Verbrugge and Jette, 1994). Assumption 5 is
required to estimate the contribution of diseases to the disability prevalence, as explained in Section 2.2.
Assumption 7 can be relaxed by allowing the cause-specific cumulative rates of disability to vary across
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age, as is exemplified in the model fitted to the Belgian HIS data in Section 4. Assumption 8 can be
violated by including interaction terms between diseases in the model, as discussed in Section 6.
In the multinomial additive hazard model, the restriction
∑c
j=1 πi j = 1 results in one redundant
response category (e.g. consider the first category j =1 as the reference), since zi1 = 1−
∑c
j=2 zi j and
πi1 = 1−
∑c
j=2 πi j . Therefore, model (1) is restricted to j = 2, . . . , c categories. As in the binomial
model, the use of a noncanonical link function can result in convergence problems. To avoid numerical
instability, inequality constraints are applied to the linear predictor (ηi j) to restrict the parameter
space:
B =
{
β : x′iβ j ≥ 0, ∀i = 1, . . . , n
}
. (2)
Given the above constraint, πi j are positive. The definition of πi j in the multinomial model (1)
differs from the definition of π in the binomial model because an additional constraint
∑c
j=2 πi j ≤ 1
is required to ensure that πi1 is nonnegative. In practice, we do not expect πi j to be equal to zero, as
this could only occur if the background equals zero. Such situation is unrealistic and therefore, the
observed πi j will be positive. This constraint is also used in the context of competing risks in survival
analysis (Koller et al., 2012).
To obtain the parameter estimates in model (1), the multinomial log-likelihood function should be
maximized over the restricted parameter space B to ensure that all probabilities πi j lie in the interval
[0, 1]:
L (β) =
n∑
i=1
wi
⎧⎨⎩
⎡⎣ c∑
j=2
zi j log(πi j )
⎤⎦+
⎡⎣⎛⎝1− c∑
j=2
zi j
⎞⎠ log
⎛⎝1− c∑
j=2
πi j
⎞⎠⎤⎦⎫⎬⎭ . (3)
where wi represents the survey weight for subject i to take into account non-response and the complex
design of the survey.
Another consequence of the use of a noncanonical link function is that the expected and observed
information matrices are not identical. Here, the covariance matrix is based on the inverse of the
observed information matrix, consisting of (c − 1)2 blocks of size (m + 1) × (m + 1):
− ∂
2L (β)
∂β jk∂β jk′
= −
n∑
i=1
xikxik′
⎧⎪⎨⎪⎩
c∑
q=2
ziq
⎡⎢⎣ 1(∑c
q=2 ηiq
)2 − exp
(
−∑cq=2 ηiq)[
1− exp
(
−∑cq=2 ηiq)]2
⎤⎥⎦− zi j(
ηi j
)2
⎫⎪⎬⎪⎭
and for j 	= j ′ :
− ∂
2L (β)
∂β jk∂β j′k′
= −
n∑
i=1
xikxik′
⎧⎪⎨⎪⎩
c∑
q=2
ziq
⎡⎢⎣ 1(∑c
q=2 ηiq
)2 − exp
(
−∑cq=2 ηiq)[
1− exp
(
−∑cq=2 ηiq)]2
⎤⎥⎦
⎫⎪⎬⎪⎭ .
(4)
The standard errors (ŜE) can be approximated by the square root of the diagonal elements of the
inverse of the observed information matrix. The 95% Wald confidence interval (CI) is calculated as:
95% Wald CI = βˆ j ± 1.96× ŜE
(
βˆ j
)
. (5)
Additionally, bootstrap percentile confidence interval (bootstrap CI) based on the 2.5th and 97.5th
empirical percentiles fromL bootstrap replicates sampled with replacement of equal size as the original
data (Efron and Tibshirani, 1994) can be obtained for the parameter estimates. In the bootstrap CI,
resampling is stratified within the levels of the outcome variable. Both options —Wald and bootstrap
CI — are available in the R package addhaz.
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2.2 Contribution of chronic conditions to the disability prevalence
The estimation of the contribution of chronic conditions to the disability prevalence is based on
the proportionality assumption used to estimate the probability of dying from a single cause in the
presence of competing risks, also known as “crude” probability of death (Gupta, 1981; Manton and
Stallard, 1984; Chiang, 1991). In a population in which m(d = 1, . . . ,m) causes of death exist and
are independent, μd (t) is the force of mortality due to cause d at time t in the interval (x, x + 1) and
the overall force of mortality is defined as μ(t) =∑md=1 μd (t). Under the proportionality assumption,
μd (t)/μ(t) is independent of t for each cause d , that is this ratio is assumed to be constant over time:
μd (t)/μ(t)=cd . This assumption is extended to the probability scale: μd (t)/μ(t) = cd = Qxd/qx,
where Qxd is the probability of dying from cause d in the interval (x, x + 1) and qx is the overall
probability of dying in the interval (x, x + 1) (Gupta, 1981; Chiang, 1991).
Analogous to the competing risks setting, the proportionality assumption (assumption 5) is also
extended to the probability scale in the attribution method. For background, βˆ0 j/ηˆi j = Bˆi j/πˆi j and
for disease d , βˆd j/ηˆi j = Dˆdi j/πˆi j , where Bˆi j and Dˆdi j are the probability of being disabled due to
background and disease d , respectively, for disability category j and individual i. By rearranging these
formulas, the cause-specific probabilities of being disabled (Bˆi j and Dˆdi j) can be estimated by:
Bˆi j = πˆi j
(
xi0βˆ0 j
ηˆi j
)
Dˆdi j = πˆi j
(
xid βˆd j
ηˆi j
)
.
(6)
Next, the estimated number of disabled individuals by background (Nˆb j) and by disease d (Nˆd j) for
disability category j can be obtained by:
Nˆb j =
n∑
i=1
Bˆi j
Nˆd j =
n∑
i=1
Dˆdi j .
(7)
Finally, the prevalence of disability category j due to background (P̂revb j) and due to disease d
(P̂revd j), that is the contribution of each cause to the disability prevalence, can be estimated as:
P̂revb j =
Nˆb j
n
P̂revd j =
Nˆd j
n
.
(8)
Bootstrap percentile confidence intervals (Efron and Tibshirani, 1994) can be obtained for the
contribution of background (P̂revb j) and diseases (P̂revd j) to the total disability prevalence. Parallel
computing can be used to reduce computation time. This option is also available in the R package
addhaz.
3 Simulation study
This section describes the simulation study designed to assess the performance of the multinomial
additive hazard model. Although the model can be used for disability outcomes with any number of
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Table 1 Design of the simulation study (n = 500 and n = 200) for a multinomial outcome with three
categories.
Setting Bernoulli
probability pi
Outcome
category
j = 2, 3
Intercept
β0 j
Binary
covariate β1 j
Conditional
probability
Pr(zi j = 1|
xi = 1)
Marginal
probability
Pr(zi j = 1)
1 0.7 2 0.05 0.004 0.05 0.05
3 0.05 0.004 0.05 0.05
2 0.7 2 0.05 0.103 0.12 0.10
3 0.10 0.207 0.25 0.20
3 0.7 2 0.05 0.120 0.12 0.10
3 0.15 0.361 0.37 0.30
4 0.5 2 0.05 0.005 0.05 0.05
3 0.05 0.005 0.05 0.05
5 0.5 2 0.05 0.156 0.15 0.10
3 0.10 0.312 0.31 0.20
6 0.5 2 0.05 0.191 0.15 0.10
3 0.15 0.573 0.46 0.30
7 0.3 2 0.05 0.009 0.06 0.05
3 0.05 0.009 0.06 0.05
8 0.3 2 0.05 0.325 0.22 0.10
3 0.10 0.649 0.45 0.20
9 0.3 2 0.05 0.553 0.23 0.10
3 0.15 1.659 0.68 0.30
categories, our simulation study was based on themodel with a three-category outcome and one binary
covariate. While three-category disability outcomes are common in surveys, the attribution method is
usually aimed to investigate the impact of more than one disease in practice. However, the evaluation
of such scenario would be more complicated and may come on the expense of clarity. The following
multinomial model was fitted in our simulation study:
πi j =
⎧⎨⎩1− exp
⎡⎣−
⎛⎝ 3∑
q=2
β0q + β1qxi
⎞⎠⎤⎦⎫⎬⎭
(
β0 j + β1 jxi∑3
q=2 β0q + β1qxi
)
,
where xi is the single disease, with xi ∼ Bernoulli(pi), where pi represents the disease prevalence
with pi = 0.7, 0.5, and 0.3; and yi j is the multinomial outcome, with j = 1, 2, 3. The design of the
simulation study is shown in Table 1. The intercepts were set at β02 = 0.05 and β03 = 0.05, 0.10, or
0.15 and β1 j were calculated to satisfy the marginal probabilities defined in Table 1. We generated
K = 1,000 samples of size n = 500 and n = 200 for each setting. It is important to mention that
n = 200 is considered a limited sample size for the attribution, given that the prevalence of disability
and most diseases is often not very high in the populations.
The performance of the multinomial additive hazard model in the different simulation settings was
assessed through the measurement of model accuracy (bias), precision (mean squared error), and
coverage (rate of type I error). The average percent relative bias for β1 j was defined as:
Average percent relative bias = 100
K
×
∑K
k=1
(
βˆ
(k)
1 j − βT1 j
)
βT1 j
,
where βˆ (k)1 j is the slope of the model with a single disease xi in each replication k(k = 1, . . . ,K ) of the
data and βT1 j is the true slope value.
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Table 2 Results of the simulation study for a multinomial outcome with three categories.
Setting Outcome
category
j = 2, 3
n = 500 n = 200
Biasa) MSEb) Coveragec) Non–
convergence
in optimd)
Biasa) MSEb) Coveragec) Non–
convergence
in optimd)
1 2 −19.4 0.001 94.6 0 7.6 0.001 97.0 90
3 −0.3 0.001 93.5 12.3 0.001 98.0
2 2 0.0 0.001 95.3 0 1.5 0.002 95.7 39
3 1.4 0.002 95.8 −2.1 0.005 96.3
3 2 −0.1 0.001 96.0 1 1.1 0.003 96.9 46
3 0.1 0.003 95.5 0.0 0.008 95.8
4 2 −4.4 0.000 95.2 0 −12.7 0.001 94.9 24
3 −11.0 0.000 95.2 13.1 0.001 95.8
5 2 1.7 0.001 94.7 0 2.8 0.004 94.3 8
3 0.4 0.003 94.7 0.4 0.007 95.3
6 2 0.4 0.002 94.8 0 −0.1 0.004 94.3 6
3 0.5 0.006 95.0 0.1 0.014 95.1
7 2 −3.0 0.001 93.3 1 20.5 0.002 95.3 63
3 −4.5 0.001 94.2 −15.4 0.001 96.5
8 2 1.4 0.005 94.6 0 1.7 0.013 91.4 1
3 −0.2 0.010 94.3 1.8 0.026 94.8
9 2 1.5 0.014 94.4 0 9.3 0.135 94.1 0
3 1.5 0.054 94.7 9.1 0.934 96.9
a)Average percent relative bias: 100K ×
∑K
k=1
(
βˆ
(k)
1 j −βT1 j
)
βT1 j
.
b)Mean squared error:
∑K
k=1
(
βˆ
(k)
1 j −βT1 j
)2
K .
c)Coverage: Percentage of 95% Wald confidence intervals covering the true slope value.
d)Unconstrained optimization.
The mean squared error (MSE) was calculated as:
MSE =
∑K
k=1
(
βˆ
(k)
1 j − βT1 j
)2
K
.
The coverage probability of the 95%Wald CI was defined as the percentage of 95% CI covering the
true value of the slope (βT1 j). The 95% CI for each βˆ
(k)
1 j was calculated as defined in (5).
Additionally, the multinomial additive hazard model was fitted to the simulated datasets using
standard (unconstrained) optimization with the R function optim. Since no convergence problems
were encountered in any of the defined settings with the constrained optimization, we report only the
number of samples with convergence problems in optim.
The results of the simulations are shown in Table 2. In general, a better performance of the model
(lower bias and lower MSE) was observed in the settings with larger sample size. Large bias was
observed for settings 1 and 4 for n = 500 and in settings 1, 4, and 7 for n = 200. These settings
were defined with a low marginal probability of the outcome categories (Pr(zi j = 1) = 0.05 for each
category) and different probabilities for disease x (0.7, 0.5, and 0.3). The MSE was negligible in
all settings, except for scenario 9. This was expected, as the sum of the conditional probabilities
(Pr(zi j = 1|xi = 1)) was high (0.91). All settings showed good coverage properties for the 95% CI,
except for setting 8 for the second outcome category with n = 200 (91.4%), in which the large MSE
(0.013) was the main contributor to this poor coverage. While only a few samples did not converge
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with standard optimization in the settings with n = 500, a larger number of samples with convergence
problems was observed with n = 200. In our simple model, these convergence problems occurred when
at least one of the cells of the 3× 2 table (outcome y × covariate x) was 0 or with a small number of
individuals, representing situations in which the maximum likelihood estimates lie on the boundary of
the parameter space. The source code to reproduce the results is available as Supporting Information
on the journal’s web page.
4 Case study—Belgian health interview surveys
The pooled data from the 2001, 2004, and 2008 Health Interview Surveys (HIS) conducted in Belgium
were used as an example. The HIS are national household surveys representative for the Belgian popu-
lation, including about 10,000 individuals per year, selected in a multistage sampling with geographical
stratification and clustering. The response rates varied from 55% (2008) to 61% (2001 and 2004). The
complex sample design was taken into account by the inclusion of sample weights in the analysis. The
HIS were conducted within the legal framework provided by the Belgian legislation. They were waived
from approval by an ethical committee, but they were approved by the High Statistical Council in
Belgium. An oral consent was obtained from all survey participants during the interview. The data
are available upon request and approval to the Belgian Privacy Commission. The description of the
procedure to access the data can be found at https://his.wiv-isp.be/SitePages/Acces_microdata.aspx.
More details about the HIS methodology can be found elsewhere (Demarest et al., 2013).
This analysiswas restricted to participants aged 55 years andolder, given the lowdisability prevalence
(<5%) in young individuals in Belgium (Yokota et al., 2015). The multinomial disability outcome was
based on the Global Activity Limitation Indicator (GALI) question (Robine et al., 2003): “For the
past 6 months or more have you been limited in activities people usually do because of health problem?.”
The options of answer: “1. No, not limited”, “2. Yes, limited”, or “3. Yes, strongly limited” were used to
classify individuals as with “no disability”, “mild disability”, and “severe disability”, respectively. The
category “no disability” was used as the reference in the models.
The aim of the analysis is to estimate the cumulative hazard and the contribution of each disease to
the disability prevalence. The following model was fitted to the Belgian HIS data:
πi j = 1− exp
⎧⎨⎩−
⎡⎣ c∑
q=2
(
β0qai
+
m∑
d=1
βdqai
xdi
)⎤⎦⎫⎬⎭
⎡⎣ β0 jai +∑md=1 βd jaixdi∑c
q=2
(
β0qai
+∑md=1 βdqaixdi)
⎤⎦.
where β0 jai represents the background cumulative hazard for disability category j ( j = 2 for mild; j = 3
for severe) and age group ai (ai = 0 for 55–69 years; ai= 1 for  70 years); βd jai is the cumulative
hazard for disability category j, disease d (d = 0 for stroke, d = 1 for arthritis, d = 2 for ischemic
heart disease, d = 3 for chronic respiratory diseases, and d = 4 for diabetes) and age group ai; xdi is the
indicator variable for disease d and individual i. In the model defined above, individuals in the same
age group are assumed to have the same cumulative hazard of disability for background and diseases.
After excluding 2345 individuals with missing data on disability and diseases, the sample size was n =
9713.
The observed distributions of disability and diseases are shown in Table 3. A higher proportion
of women and younger individuals (55–69 years) was observed. The proportion of mild disability
was more than twice as large as the proportion of severe disability. Arthritis was the most common
diseases (36.9%) while stroke (1.9%) was the least frequent disease. A higher proportion of women,
mild, and severe disability and diseases was observed in individuals aged 70 years or older compared
to individuals aged 55–69 years.
The results of the multinomial additive hazard model are presented in Table 4. They were obtained
using the function MultAddHaz in theR package addhaz (Yokota et al., 2016a). A sample of theR func-
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Table 3 Characteristics of the study population.
Covariate Total 55–69 years 70 years
N % N % N %
Gender
Men 4403 45.3 2481 48.5 1922 41.8
Women 5310 54.7 2639 51.5 2671 58.2
Disability
No disability 5868 60.4 3598 70.3 2270 49.4
Mild disability 2765 28.5 1171 22.9 1594 34.7
Severe disability 1080 11.1 351 6.9 729 15.9
Disease
Stroke 186 1.9 65 1.3 121 2.6
Arthritis 3584 36.9 1526 29.8 2058 44.8
Ischemic heart diseases 967 10.0 332 6.5 635 13.8
Chronic respiratory diseases 1231 12.7 548 10.7 683 14.9
Diabetes 883 9.1 388 7.6 495 10.8
Health Interview Survey, Belgium, 2001, 2004, 2008.
Table 4 Cumulative rate of disability for background (βˆ0 j) and chronic conditions (βˆd j).
Cause 55–69 years 70 years
Estimate Wald CI Boots CI Estimate Wald CI Boots CI
Mild disability
Background 0.12 [0.11, 0.14] [0.11, 0.14] 0.25 [0.23, 0.27] [0.22, 0.30]
Stroke 0.19 [−0.04, 0.41] [−0.06, 0.49] 0.42 [0.15, 0.69] [0.09, 0.84]
Arthritis 0.23 [0.20, 0.27] [0.18, 0.29] 0.29 [0.24, 0.33] [0.20, 0.36]
Ischemic heart
diseases
0.67 [0.52, 0.82] [0.44, 0.85] 0.49 [0.38, 0.61] [0.28, 0.60]
Chronic respiratory
diseases
0.28 [0.20, 0.35] [0.18, 0.36] 0.32 [0.23, 0.41] [0.18, 0.44]
Diabetes 0.23 [0.15, 0.31] [0.12, 0.33] 0.05 [−0.02, 0.12] [−0.05, 0.15]
Severe disability
Background 0.03 [0.02, 0.03] [0.02, 0.03] 0.08 [0.07, 0.10] [0.06, 0.10]
Stroke 0.50 [0.18, 0.82] [0.17, 0.92] 0.42 [0.19, 0.65] [0.14, 0.72]
Arthritis 0.07 [0.05, 0.09] [0.05, 0.10] 0.15 [0.12, 0.18] [0.11, 0.20]
Ischemic heart
diseases
0.29 [0.19, 0.40] [0.14, 0.41] 0.21 [0.14, 0.28] [0.11, 0.30]
Chronic respiratory
diseases
0.19 [0.13, 0.25] [0.12, 0.27] 0.22 [0.16, 0.29] [0.13, 0.32]
Diabetes 0.16 [0.09, 0.22] [0.08, 0.23] 0.11 [0.05, 0.17] [0.03, 0.19]
Health Interview Survey, Belgium, 2001, 2004, 2008.
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Table 5 Contribution of chronic conditions (P̂revd j) and background (P̂revb j) to the disability
prevalence.
Cause 55–69 years 70 years
Estimate Bootstrap CI Estimate Bootstrap CI
Mild disability
Background 10.9 [10.9, 10.9] 20.0 [19.9, 20.1]
Stroke 0.1 [0.1, 0.1] 0.5 [0.3, 0.6]
Arthritis 5.3 [5.0, 5.6] 8.7 [8.1, 9.2]
Ischemic heart diseases 2.1 [1.7, 2.4] 3.8 [3.4, 4.4]
Chronic respiratory diseases 1.8 [1.6, 1.9] 2.9 [2.5, 3.2]
Diabetes 1.1 [0.9, 1.2] 0.4 [0.3, 0.4]
Disability prevalence 21.2 [20.7, 21.7] 36.3 [35.6, 37.0]
Severe disability
Background 2.3 [2.3, 2.3] 6.1 [6.1, 6.2]
Stroke 0.3 [0.2, 0.4] 0.3 [0.2, 0.5]
Arthritis 1.4 [1.3, 1.5] 3.8 [3.5, 4.1]
Ischemic heart diseases 0.6 [0.5, 0.7] 1.2 [1.0, 1.4]
Chronic respiratory diseases 1.0 [0.9, 1.1] 1.6 [1.4, 1.8]
Diabetes 0.6 [0.5, 0.7] 0.7 [0.6, 0.9]
Disability prevalence 6.1 [5.9, 6.4] 13.8 [13.5, 14.2]
Health Interview Survey, Belgium, 2001, 2004, 2008.
tions used to fit themodels is provided inAppendixA.1 and theRcode is available in the Supplementary
Information. Themost disabling diseases, that is the diseases with the highest cumulative hazard (βd jai ),
were ischemic heart diseases in individuals with mild disability and stroke in individuals with severe
disability in both age groups. Background and diabetes showed a low cumulative hazard in mildly
disabled individuals aged 55–69 years and 70 years, respectively. For severe disability, background
showed the lowest cumulative hazard. As expected, the bootstrap CI was larger than the Wald CI.
Themodel with theWaldCIwas fitted in 22minutes while themodel with the bootstrapCIwith 1000
replicates using the parallel option with 4 cores was fitted in 57 hours and 54 minutes. The models were
fitted in Windows 7, processor i5-3470 CPU 3.20GHz, with 8 GB RAM and 64-bit operating system.
Table 5 shows the absolute contribution of diseases and background to the disability prevalence. The
cause-specific contributions (P̂revb j and P̂revd j) sum to the disability prevalence. The mild disability
prevalence was 1.7 times higher in individuals aged 70 years or older compared to individuals aged
55–69 years, while the prevalence of severe disability was 2.2 times higher in the older compared to
the younger individuals. Background and arthritis were the main contributors to the mild and severe
disability prevalence in both age groups. They were followed by ischemic heart diseases in mildly
disabled individuals and chronic respiratory diseases in individuals with severe disability.
5 Interpretation of the parameters and multimorbidity
To facilitate the interpretation of the parameter estimates and to better understand how multimor-
bidity is taken into account in the multinomial additive hazard model even under the independence
assumption, the results for the model fitted to the Belgian data are used as an example (Tables 4 and 5).
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Consider the following groups of individuals aged 70 years or older with severe disability ( j = 3):
(a) individuals without any reported disease; (b) individuals who reported only stroke (d = 1); (c)
individuals who reported only arthritis (d = 2); and (d) individuals who reported stroke and arthritis
(d = 1, 2).
Using the cumulative rates presented in Table 4 for individuals aged70 years, the overall cumulative
hazard for severe disability (ηi3) can be obtained for each group:
(a) ηˆa,3 = βˆ0,3 = 0.08
(b) ηˆb,3 = βˆ0,3 + βˆ1,3 = 0.08+ 0.42 = 0.50
(c) ηˆc,3 = β0,3 + β2,3 = 0.08+ 0.15 = 0.23
(d) ηˆd,3 = β0,3 + β1,3 + β2,3 = 0.08+ 0.42+ 0.15 = 0.65
where a, b, c, and d represent the groups (a) to (d) defined above. In groups b, c, and d, competing
risks of disability exist, as the overall cumulative hazard is estimated based on more than one cause.
Note that the cumulative hazard for background (β0,3) contributes to the overall cumulative hazard of
all individuals, including those who reported diseases. Since the cumulative hazard can be difficult to
interpret, we can convert it to the probability scale (πi3) by using the exponential function defined in
(1):
(a) πˆa,3 = {1− exp[−(ηˆa,3 + ηˆa,2)]}(
ηˆa,3
ηˆa,3+ηˆa,2
) = 0.07
(b) πˆb,3 = {1− exp[−(ηˆb,3 + ηˆb,2)]}(
ηˆb,3
ηˆb,3+ηˆb,2
) = 0.29
(c) πˆc,3 = {1− exp[−(ηˆc,3 + ηˆc,2)]}(
ηˆc,3
ηˆc,3+ηˆc,2
) = 0.23
(d) πˆd,3 = {1− exp[−(ηˆd,3 + ηˆd,2)]}(
ηˆd,3
ηˆd,3+ηˆd,2
) = 0.32 .
To ensure that valid probabilities will be estimated for all three categories of the outcome, the
definition of the probability of being severely disabled depends not only on the overall cumulative
hazard of individuals with severe disability (ηˆ3), but also on the overall cumulative hazard of individuals
with mild disability (ηˆ2). According to the results above, individuals aged 70 years or older without any
reported disease had 7% probability of being severely disabled, while the disability probability among
those who reported stroke was 29%, among those who reported only arthritis 23%, and among those
who reported both stroke and arthritis 32%.
Using the proportionality assumption of the cumulative rates (Gupta, 1981; Manton and Stallard,
1984; Chiang, 1991) as shown in (6), the cause-specific disability probabilities can be calculated for
each group:
(a) Bˆa,3 = πˆa,3( xi0βˆ03ηˆa,3 ) = 0.07(
0.08
0.08 ) = 0.07
(b) Bˆb,3 = πˆb,3( xi0βˆ03ηˆb,3 ) = 0.29(
0.08
0.50 ) = 0.05
Dˆb,1,3 = πˆb,3( x1βˆ13ηˆb,3 ) = 0.29(
0.42
0.50 ) = 0.24
(c) Bˆc,3 = πˆc,3( xi0βˆ03ηˆc,3 ) = 0.23(
0.08
0.23 ) = 0.08
Dˆc,2,3 = πˆc,3( x2βˆ23ηˆc,3 ) = 0.23(
0.15
0.23 ) = 0.15
(d) Bˆd,3 = πˆd,3( xi0βˆ03ηˆd,3 ) = 0.32(
0.08
0.65 ) = 0.04
Dˆd,1,3 = πˆd,3( x1βˆ13ηˆd,3 ) = 0.32(
0.42
0.65 ) = 0.21
Dˆd,2,3 = πˆd,3( x2βˆ23ηˆd,3 ) = 0.32(
0.15
0.65 ) = 0.07 .
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The results show that in group (a) the probability of being severely disabled in individuals aged
70 years or older (7%) is entirely attributed to background, which can represent the age effect, for
example. In individualswho reportedonly stroke, the probability of being severely disableddue to stroke
is 24% and in the group of individuals who reported only arthritis, the probability of being severely
disabled due to arthritis is 15%. However, if we look at the results of the last group—individuals who
reported both, stroke and arthritis—we can see that the probability of being disabled due to stroke is
21% and due to arthritis is 7%. This example shows that: (i) the background contributes to the disability
probability in all four groups; (ii) the cause-specific disability probabilities (Bˆi j and Dˆdi j) sum to the
total disability probability (πˆi j) within each group; and (iii) the probability of being disabled due to
background (Bˆi3 ), stroke (Dˆi1,3), and arthritis (Dˆi2,3) differed across groups, although the cumulative
rates (βˆ0,3 = 0.08, βˆ1,3 = 0.42, βˆ2,3 = 0.15) were the same in each group. Here, we can clearly see that
the probability of being disabled due to one disease depends on the presence of other diseases, that is
the proposed model is able to capture multimorbidity, which is analogous to the mortality analysis of
competing risks (Chiang, 1961; Manton and Stallard, 1984; Clayton and Hills, 1993).
6 Discussion
This paper presents an extension of the attribution method to investigate the contribution of chronic
conditions to the disability burden for multinomial disability outcomes. The use of the method is
straightforward, since the software to fit themodel and to estimate the contribution is publicly available
in the R package addhaz (Yokota et al., 2016a). Although themodels fitted in this paper were restricted
to disability outcomes with three categories, the model and the software allows the inclusion of
outcomes with any number of categories.
The results of the simulation study showed a good overall performance of the model especially for
large sample size. No convergence problems were identified with constrained optimization, indicating
that the R function constrOptimwas successfully used to constrain the parameter space of the model.
This function uses an adaptive barrier algorithm (Lange, 2010) to restrict the linear predictor to
be nonnegative. Nonetheless, unconstrained optimization may fail to converge when the maximum
likelihood estimate lies on the boundary of the parameter space (Williamson et al., 2013), which was
more likely to occur in small samples. Care should be taken when fitting models with one disease
to populations with low marginal disability probability (5%), independent of the disease prevalence
(settings 1, 4, and 7), as accuracy can be lost, especially with small sample size. Additionally, the results
of models with high sum of conditional probabilities (setting 9) should be carefully interpreted, as
precision is drastically reduced, particularly with small samples. In general, the type I error was close
to 5% in all samples, with the coverage probability of the confidence interval for the larger sample
being closer to the nominal level.
The importance of considering multicategory disability outcomes to assess the disability burden
can be seen with the Belgian HIS example: the disability burden in older individuals in Belgium is
mainly due to mild disability. This is crucial from a public health perspective, since severe disability
is associated with higher institutionalization, health care costs, and mortality (Jagger et al., 2001). In
addition, the results highlight the large contribution of nonfatal chronic diseases, such as arthritis,
to the burden of mild and severe disability, suggesting that the disability burden can be reduced by
focusing on the prevention and treatment of this disease (Nusselder and Looman, 2004).
The results of the Belgian data also show that the attribution of disability to chronic conditions
depends on the disease-specific cumulative rate and the prevalence of chronic conditions (Klijs et al.,
2011). For instance, stroke showed the highest cumulative rate in severely disabled individuals, but due
to its lowprevalence, it was not an important contributor to the severe disability prevalence. Conversely,
arthritis was among the least disabling diseases in individuals who reported severe disability, but due
to its high prevalence it was the main contributor to the disability burden in this group. For simplicity,
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the parameter estimates were stratified only by age and no model selection was performed, since the
aim here was to exemplify the application of the model to a real dataset. Although we decided to use
two broad age groups (55–69 and 70 years) to facilitate the interpretation of the parameters and the
contributions, splines, or age as a continuous variable could have been included in the model. Also, the
likelihood ratio test can be used for model selection (Nusselder and Looman, 2010), as the residual
deviance is provided in the output of the multinomial additive hazard model in the addhaz package.
Even though the multinomial additive hazard model was originally proposed to study the relation
between disability and diseases, it can be applied to other outcomes, such as bad or good self-rated
health, and any type of covariate (continuous, categorical), as long as the causality assumption between
covariates and outcome is reasonable.When covariates other than dummy variables are included in the
model, the model parameters are interpreted as the additional contribution to the overall cumulative
rate for a unit increase in the covariate level.
Care should be taken when adjusting the proposedmodel by confounding variables, as only themain
effects of background and diseases are interpretable, but not of confounding variables. For example,
consider a model with diabetes, stroke, and gender where these three variables are significant. In this
case, a contribution will also be estimated for gender, and therefore, it will be interpreted as a disability
cause, not just as an adjustment variable. One way to adjust the model by confounding variables is
to include interaction terms between the diseases and the confounders, to assess the difference in the
contribution of diseases across the confounder levels. This can be observed in the model fitted to the
Belgian HIS data, in which the cumulative rates for diseases and background and the contribution of
diseases to the disability prevalence were estimated by age group. Similar to any regression model with
interaction terms, this approach is limited by the sample size. For instance, we were not able to further
stratify our results by gender, as this adjustment would require the inclusion of three-way interaction
terms between age, gender, and disease in the model.
Another challenging situation is the contribution of risk factors to disability. In most disability
models, lifestyle risk factors such as physical inactivity, unhealthy diet, harmful alcohol consumption,
and smoking are considered part of the disablement process in the elderly (Verbrugge and Jette, 1994)
mainly due to its relation with disease onset (risk factor → disease → disability). However, given the
cross-sectional nature of the data, the multinomial additive hazard model cannot assess the transition
rate between risk factor and disease, but only between risk factor and disability, and between disease
and disability. In this case, assumptions 1 and 6 are less realistic, as the exposure to risk factors is more
prone to changes over time (e.g. a person may quit smoking and start again multiple times up to the
time of the interview) than the presence of most chronic conditions. Alternatively, the results can also
be stratified by the risk factor levels by including interaction terms between diseases and risk factor.
This has been previously investigated for smoking as a risk factor using the binomial additive hazard
model (Yokota et al., 2016a).
The assumption of independence between diseases can be easily violated by including interaction
terms between diseases in the model, with the sample size being the limiting factor. This has also been
previously assessed for the binomial case (Yokota et al., 2016b).
The attribution method described here should be distinguished from other methods used to assess
the disability burden using cross-sectional data, namely the attributable fraction (AF) (Levin, 1953), the
average attributable fraction (AAF) (Eide andGefeller, 1995), and the years livedwith disability (YLD)
(Vos et al., 2012) estimated in the global burden of diseases (GBD) study. The AF measures the pro-
portional reduction in the disability prevalence if the diseases could be eliminated from the population
(Levin, 1953). One of the disadvantages of the AF is that it can produce inconsistent results in the pres-
ence ofmultimorbidity, as the results are sensitive to the order that the diseases are removed (Ru¨ckinger
et al., 2009). As a consequence, the AF for individual diseases can sum up to more than 100% in the
presence of competing causes, which may lead to difficulties in interpreting the results. To overcome
this limitation, the average attributable fraction (AAF) was developed (Eide and Gefeller, 1995). In the
AAF, the dependence on the order of removal of diseases is eliminated in two steps: (i) the sequential
attributable fraction (SAF) is estimated for each exposure (disease, in our case) by removing the dis-
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eases in every possible order (form diseases, there arem! different orderings in which the diseases can be
removed from themodel); and (ii) theAAF is calculated by averaging the SAFover all possible removal
orderings. The AAF was previously used to assess the contribution of chronic conditions to disability
in France (Palazzo et al., 2012). In theGBD study, theYLD represent themorbidity part in the calcula-
tion of the disability-adjusted life years (DALY). The YLD are estimated for each disease based on the
disease prevalence and the cause-specific disability weights, used to quantify the severity of disease se-
quelae. The YLD estimates are available for several countries and diseases (Vos et al., 2012). Although
these methods have been extensively used, most of the studies focused on binary disability outcomes.
The use of a noncanonical link function imposes several difficulties in fitting themultinomial additive
hazard model. Nonetheless, the use of this link function is necessary as the additive property of the
model is lost with other link functions. This property can be seen as an advantage of our proposed
model compared to the alternative approaches, since the disability prevalence can be obtained by
adding up the contributions of diseases and background, facilitating the interpretation of the results
of the attribution method. Furthermore, similar to causes of death, this property is required for the
decomposition of differences in health expectancies by disability causes (Nusselder andLooman, 2004).
It is interesting to note that the additive property of the model holds for the overall cumulative rate,
but not in the probability scale. The proposedmodel, similar to otherGLMs formultinomial outcomes,
ismultiplicative in the probability scale. Thesemodels differ with respect to the link function used: ηi j =
[−log(1−∑cq=2 πiq)]( πi j∑c
q=2 πiq
) for the multinomial additive hazard model; ηi j = log(πi j/1− πi j), for
multinomial logistic regression (Agresti, 2015); ηi j = log(πi j ) for the log multinomial model (Blizzard
and Hosmer, 2007). Nonetheless, our proposed model is additive in the cumulative rate scale, as ηi j
represents the overall cumulative rate, which is not the case for the other GLMs, since ηi j represents
the log odds for multinomial logistic regression and the log risk for the log multinomial model. In
other words, while the parameters of the multinomial additive hazard model represent differences
between cumulative rates, in the other GLMs they represent ratios, e.g. odds ratio and the relative
risk (risk ratio) (Clayton and Hills, 1993). Although the Fine & Gray model (Fine and Gray, 1999)
is not a GLM, it is frequently used in the survival context in the presence of competing risks. The
subdistribution hazard (λt) is modeled with the complementary log–log link function. However, the
Fine & Gray model is not linear: λt = λ0exp(x′iβ); as a consequence, it also does not yield additive
contributions of diseases.
The model proposed has some limitations that are worth mentioning. Despite the advantage of
avoiding convergence problems, the use of constrained optimization dramatically increases computa-
tion time. This can be a drawback when fitting the model to high dimensional data, especially when
bootstrap percentile confidence intervals are requested, even with the use of parallel computation.
Also, the performance of the model was evaluated only with one disease, which is not the case for most
of the studies in practice. Although the causal relationship between diseases and disability is plausible,
causality cannot be established with the model, as it is based on cross-sectional data. As a conse-
quence, disability is incorrectly attributed to diseases when the assumption is violated. Furthermore,
the model assumes that disability is an absorbing state, that is like death, individuals with disability
cannot recover. This assumption is more likely to be stronger for mild disability, as a high recovery
rate has been previously reported in older individuals with mild limitations in activities of daily living
(Hardy and Gill, 2004).
In conclusion, the multinomial additive hazard model can be considered an important tool to assess
the disability burden using cross-sectional data. The model showed a good performance, although
care should be taken in models with one disease with low disability prevalence and with high sum of
conditional disability probabilities, especially with small sample size. Future research might explore
techniques to speed up convergence of the model. It can also be interesting to extend the model
to ordinal multinomial outcomes, such as the adjacent category, continuation ratio, and cumulative
probabilities models previously defined for the logit (Agresti, 2010) and log (Blizzard et al., 2013) link
functions.
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Appendix
A.1 R code for the R function MultAddHaz
library (addhaz)
# No bootstrap
M1 <- MultAddHaz(gali  factor(age) - 1 + disease:factor(age), data = gali,
weights = WFIN, start.val = c(rep(0.4, 12), rep(03, 12)), attrib = TRUE,
attrib.var = age, type.attrib = "abs", set.seed = TRUE, seed = 224)
# 1000 bootstrap replicates
M2 <- MultAddHaz(gali  factor(age) - 1 + disease:factor(age), data = gali,
weights = WFIN, start.val = c(rep(0.4, 12), rep(03, 12)), attrib = TRUE,
attrib.var = age, type.attrib = "abs", set.seed = TRUE, seed = 224, bootstrap
= TRUE, nbootstrap = 1000, parallel = TRUE, type.parallel = "snow", ncpus = 4)
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